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Abstract

Objective. Most existing brain–computer interface (BCI) designs based on steady-state visual
evoked potentials (SSVEPs) primarily use low frequency visual stimuli (e.g., <20 Hz) to elicit
relatively high SSVEP amplitudes. While low frequency stimuli could evoke photosensitivitybased epileptic seizures, high frequency stimuli generally show less visual fatigue and no
stimulus-related seizures. The fundamental objective of this study was to investigate the effect of
stimulation frequency and duty-cycle on the usability of an SSVEP-based BCI system.
Approach. We developed an SSVEP-based BCI speller using multiple LEDs ﬂickering with low
frequencies (6–14.9 Hz) with a duty-cycle of 50%, or higher frequencies (26–34.7 Hz) with dutycycles of 50%, 60%, and 70%. The four different experimental conditions were tested with 26
subjects in order to investigate the impact of stimulation frequency and duty-cycle on
performance and visual fatigue, and evaluated with a questionnaire survey. Resting state alpha
powers were utilized to interpret our results from the neurophysiological point of view. Main
results. The stimulation method employing higher frequencies not only showed less visual
fatigue, but it also showed higher and more stable classiﬁcation performance compared to that
employing relatively lower frequencies. Different duty-cycles in the higher frequency
stimulation conditions did not signiﬁcantly affect visual fatigue, but a duty-cycle of 50% was a
better choice with respect to performance. The performance of the higher frequency stimulation
method was also less susceptible to resting state alpha powers, while that of the lower frequency
stimulation method was negatively correlated with alpha powers. Signiﬁcance. These results
suggest that the use of higher frequency visual stimuli is more beneﬁcial for performance
improvement and stability as time passes when developing practical SSVEP-based BCI
applications.
Keywords: brain–computer interface, electroencephalogram, steady state visual evoked
potentials, visual fatigue
(Some ﬁgures may appear in colour only in the online journal)
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>20 Hz) frequency stimulation methods [28, 36]. See also the
reviews in [37, 38] for an overview of SSVEP properties.
However, to the best of our knowledge, there have been no
studies to date which directly compare the performance trends
of low and high frequency stimuli in terms of time, which is
an important factor to be investigated for long-term use of a
BCI system.
In our study, we implemented an SSVEP-based speller
that utilized either low frequency stimuli (6–14.9 Hz) with a
duty-cycle of 50% or higher frequency stimuli (26–34.7 Hz)
with different duty-cycles of 50%, 60%, and 70%. We also
applied different kinds of duty-cycle (50%, 60%, and 70%) to
our design, as this could potentially reduce visual fatigue. In
addition, we used a questionnaire survey, which was based on
a previous study [24], in order to evaluate the psychological
feelings of visual comfort in response to different frequencies
and duty-cycles. Finally, we evaluated the changes of performance in this SSVEP-based BCI system across time. This
is an important aspect, because real-life application of BCIbased systems requires their performance to be robust.

1. Introduction
A brain–computer interface (BCI) is an important communication tool for individuals with neurological disorders or
motor disabilities, such as amyotrophic lateral sclerosis or
spinal cord injury. Since the electroencephalograph (EEG)
has a high temporal resolution and its recording system is
cost-effective compared to other neuroimaging modalities,
BCI systems primarily use EEG signals non-invasively
recorded from human scalps. One of the most widely studied
applications of EEG-based BCI is the BCI speller [1–4],
which allows those with locked-in states (e.g., due to
paralysis) to express their thoughts by attending to target
characters [5–8].
Recently, some BCI studies have shown that BCI spelling systems can be implemented using steady-state visual
evoked potentials (SSVEPs) [9–13]. Most studies have
introduced promising approaches to increase the spelling
speed of SSVEP-based BCI spellers by employing a real-time
neuro-feedback mechanism to increase attention on visual
stimuli [14] and hybridizing the P300 paradigm with the
SSVEP paradigm [15]. However, this remains a challenging
issue in the ﬁeld of BCI research [16–19]. Using SSVEP
provides a very reliable communication paradigm for the
implementation of a non-invasive BCI system [18–20].
However, an SSVEP-based system can cause visual
fatigue due to ﬂickering visual stimuli presented to evoke
SSVEPs. In particular, low frequency visual stimuli are more
apt to cause excessive visual fatigue [21]. While visual stimuli
ﬂickering with a frequency between 4 and 90 Hz can elicit
SSVEPs, lower frequency visual stimuli tend to induce higher
SSVEP responses than high frequency stimuli [22]. Therefore, many SSVEP-based BCI applications have adopted
relatively low frequency bands for visual stimulation (e.g.,
<20 Hz) [10]. However, although high frequency stimuli
generally induce a lower amplitude SSVEP response, the
signal-to-noise ratio (SNR) of the SSVEP responses is not
signiﬁcantly inferior [18, 23, 24]. Moreover, it has been
conﬁrmed that higher frequency SSVEP-based BCIs are less
susceptible to visual fatigue [21]. Recently, several studies
used higher stimulation frequencies in SSVEP-based BCI
applications [21, 25]. For example, Diez et al[21] utilized a
BCI system with cursor control that employed four high
frequencies (36, 37, 38, and 39 Hz). Lin et al[26] developed
an SSVEP-based BCI system using nine frequencies (27, 29,
31, K, 43 Hz). In addition, several recent BCI studies found
visual comfort to be associated with the duty-cycle of the
ﬂickering stimuli in SSVEP-based BCI systems [23, 24].
Several studies employed high frequency stimuli for
SSVEP-based BCIs [21, 25, 27, 28] in order to induce less
visual fatigue and avoid the risk of inducing photoepileptic
seizures and interfering with the alpha rhythm. Other relevant studies allowed variable frequency stimuli ranges, such
as low to medium (6–24 Hz, 6–25 Hz, 14–29 Hz, and
7–35 Hz) [29–32], low to high (8.8–35 Hz, 8–48 Hz,
10–50 Hz) [33–35], and medium to high (27–43 Hz) [26].
There are also SSVEP-based BCI studies that compared the
performance or SNRs of low (e.g., 20 Hz) and high (e.g.,

2. Methods
2.1. Experiment Setup
2.1.1. Participants. The experiment included 26 healthy

participants (22 male and four female; aged 27.2 ± 2.5). All
the participants had no history of visual disorders and had
either normal or corrected-to-normal vision. All the
experiments were conducted according to the principles
described in the Declaration of Helsinki. This study was
reviewed and approved by the Institutional Review Board at
Korea University (1040548-KU-IRB-15–8-A-1). Written
informed consent was obtained from all participants prior to
the experiment.
2.1.2. Stimulator design. A stimulator layout was designed

in the QWERTY-style speller (ﬁgure 1). Previous research
has shown that familiar layouts (e.g., QWERTY) are
preferable to unfamiliar layouts [13]. The layout consisted
of 30 LED lights which represented the 26 English alphabet
letters and four symbols (‘.’, ‘<’, ‘-’, and ‘/’) rather than the
words ‘dot’, ‘backspace’, ‘space’, and ‘enter’. The compact
QWERTY board was 280 x 85 mm, each LED light source
was 5 mm in diameter, and the gap between the neighboring
stimuli was 30 mm. Individual characters were printed on a
diaphanous paper to label each target character, and the
diaphanous paper was placed in front of the LED controller
board. Thirty LEDs were then attached behind the diaphanous
paper to diffuse the emitted light.
A frequency array was speciﬁcally designed for the LED
lights (ﬁgure 2), such that the minimum difference between
neighboring LEDs was 1.2 Hz. For example, in the case of the
letter ‘G’ and its ﬂickering frequency, the neighboring LEDs
(‘T’, ‘Y’, ‘F’, ‘H’, ‘V’, and ‘B’) had frequency differences of
1.7, 6.5, 5.3, 5.0, 1.2, and 3.8 Hz, respectively. This LED
array has adjustable ﬂickering frequencies with precise
2
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Figure 1. Speller layout design and frequency arrangements. Left: low frequencies (6–14.9 Hz). Right: higher frequencies (26–34.7 Hz).

Figure 2. The experimental setup. See the supplementary movies (available from stacks.iop.org/JNE/xx/xxx/mmedia) to view the scenes of
the experiment. The ﬁrst line on the screen represents the target characters the user should spell during the experiment, and the second line
shows the characters the user attempted to spell and the current target (‘N’ in the ﬁgure) the user is trying to spell, respectively.

and off). Note that the maximum variation of 0.1 Hz for the
higher frequency stimulation did not signiﬁcantly affect
experimental results because a frequency span of 0.3 Hz was
used in this study for the higher frequency stimulation.
In this study, we tested three different duty-cycles (50%,
60%, and 70%) in the higher frequency stimulation conditions. A higher duty-cycle stimulus at the same stimulation
frequency uses a higher light energy in the same stimulation
conditions because an LED is turned on for a longer time.
This generally induces stronger SSVEP responses because the
eyes are exposed to a visual stimulus for longer [40], which
hampers a fair performance comparison for different stimulation conditions using duty-cycles of 50%, 60%, and 70%.
Thus, we used different resistances that guaranteed the use of
an almost identical amount of light power for the three dutycycle conditions (e.g., 50%: 120 ohms (Ω), 0.0349 wattage
(W); 60%: 144 Ω, 0.0344 W; 70%: 168 Ω, 0.0344 W). A
higher resistance was used for a higher duty-cycle stimulus to
reduce the brightness of the LED stimulus appropriately,
thereby making the different duty-cycle stimuli use an almost
identical amount of light energy.

frequency ranges to avoid the visual fatigue caused by
4–15 Hz stimuli and the photosensitivity-based epileptic
seizures evoked by 15–25 Hz stimuli [39].

2.1.3. Visual stimuli setup and validation. We used square

multi-chip LEDs with high ﬂux (part number: DG-82A83C001–5/S-3; emitting color: white; lens color: water; luminous
intensity of 6000 mcd; peak wavelength: 0.26/0.28 nm;
operating current: 20 mA). The LED controller was built
using an NI CompactDAQ USB data acquisition system
(model: cDAQ-9174, National Instruments) and digital output
module (model: NI 9476, National Instruments). The stimuli
were placed 65–75 cm in front of the participants in the study.
The maximum variation was±0.1 Hz for the higher
frequencies (26–34.7 Hz), and±0.01 Hz for low frequencies
(6–14.9 Hz). The increased maximum variation for the higher
frequency stimulation was caused by an inherent limitation of
the hardware system, where a shorter time is given for
presenting a higher frequency stimulus (100 ms for 10 Hz
versus 40 ms for 25 Hz for one cycle of turning an LED on

3
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Figure 5. An illustration of CCA used in EEG signal analysis.

and HFS70 runs, and session D used HFS70, HFS60, HFS70,
and HFS60 runs. The order of sessions was either A, C, B,
and D or D, B, C, and A to alternatively test the four
experimental conditions. The counterbalanced experiment
could prevent potentially biased results for the two independent factors, stimulation frequency, and duty-cycle. Furthermore, the ﬁrst session order (A, C, B, and D) was used for
almost half of the subjects (12 of 26 subjects), and the second
one (D, B, C, and A) was used for the others for more
counterbalancing of the experiment. In each experimental run,
participants were asked to spell all 30 characters once with a
random order, for which verbal instruction was used. The
time used for spelling one character was 5.5 s, and a break of
3 s was given between characters (ﬁgure 4). All data analyses
were conducted off-line after the experiment.

Figure 3. Channel conﬁgurations.

Figure 4. The timeline of the experimental paradigm.

2.2. Data acquisition
2.3. EEG Data analysis

EEG data were recorded from 32 electrodes attached
according to the international 10–20 system using BRAINAMP (Brain Products, Germany) (ﬁgure 3). Because strong
SSVEPs are mainly observed on the back of the head, the
recording electrodes were placed most densely over the
occipital lobe. Prior to the experiment, EEG signals were
recorded for 60 s to assess the brain’s resting state activation.
There are four different experimental conditions: low frequency stimuli with duty-cycle 50% (LFS 50), higher frequency stimuli with duty-cycle 50% (HFS 50), higher
frequency stimuli with duty-cycle 60% (HFS 60), and higher
frequency stimuli with duty-cycle 70% (HFS 70). Conditions
with a duty-cycle of less than 50% were not employed, as
they are associated with high visual fatigue [24]. All the
subjects performed four experimental sessions, denoted A, B,
C, and D. Each session included four experimental runs.
Session A comprised LFS50, HFS50, LFS50, and HFS50
runs. Session B consisted of HFS50, LFS50, HFS50, and
LFS50 runs. Session C comprised HFS60, HFS70, HFS60,

In the past, a simple target detection algorithm, called power
spectral density analysis (PSDA), was used in which a stimulus modulated with the frequency showing the strongest
amplitude is selected as a target stimulus. However, PSDA is
sensitive to noise due to the use of single or bipolar channels
[26]. Many methodologies have been introduced to overcome
this limitation of PSDA. One of these is the canonical correlation analysis (CCA)-based SSVEP recognition introduced
by Lin et al[26], which has been shown to yield better performance than PSDA. In addition, CCA has an advantage of
subject independence [41].
Figure 5 illustrates the concept of the CCA algorithm for
frequency recognition in the SSVEP-based BCI. CCA, a
multi-variable statistical method, maximizes the correlation
between two sets of variables by means of linear combinations [42–44]. In the case of SSVEP BCI, the sets of variables
are: the recorded EEG data of an individual trial, denoted by
X, and a set of reference signals for each stimulus, denoted by

4
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2.4. Questionnaire survey

Table 1. Accuracy of channel-wise and stimulus-wise average
performance results.

Stimulus

6 ch

9 ch

11 ch

15 ch

20 ch

Average

LFS 50
HFS 50
HFS 60
HFS 70

60.1
59.2
51.1
36.9

62.0
65.0
58.8
41.1

62.0
66.3
58.2
40.9

66.5
68.9
60.0
44.0

65.0
68.7
59.8
42.8

63.1
65.6
57.6
41.1

Average

51.8

56.7

56.9

59.9

59.1

A questionnaire survey was conducted to evaluate the subjective comfortableness of the visual stimuli with respect to
the frequency band and duty-cycle. The questionnaire used a
ﬁve-level satisfaction rating score of ‘1—unacceptable’, ‘2—
uncomfortable’, ‘3—acceptable’, ‘4—comfortable’, and ‘5—
delightful’. The participants ﬁlled in the questionnaire after
each run without having information about the run sequences
during the experiments[24]. Because all the subjects performed 16 experimental runs (four stimulation conditions x
four times) and rated visual fatigue level after each run, a total
of 104 evaluation results (26 subjects x four stimulation
conditions) were obtained for each category of stimulation
conditions (LFS 50, HFS 50, HFS 60, and HFS 70).

Yi. The reference signal Yi is deﬁned as
⎧ sin ( 2pf t ) ⎫
i
⎪
⎪
⎪ cos ( 2pfi t ) ⎪
⎪
⎪
⎪ sin ( 2p 2fi t ) ⎪
⎬
Yi (t ) = ⎨
⎪ cos ( 2p 2fi t ) ⎪
⎪ ...
⎪
⎪ sin ( 2pHfi t ) ⎪
⎪
⎪
⎩ cos ( 2pHfi t )⎭

3. Results
The performance attained with different electrode conﬁgurations (six, nine, 11, 15, and 20 channels) was compared.
Because the performance was the most dominant when using
15 channels, only this channel conﬁguration was used for
further analysis (table 1). The average detection accuracies for
LFS 50, HFS 50, HFS 60, and HFS 70 were 66.5%, 68.9%,
60.0%, and 44.0%, respectively when using the 15-channel
conﬁguration (chance level: 3.33 %). The mean accuracy was
comparable between high and low frequency SSVEP systems
across the participants and channel selections (table 1). A oneway repeated measures ANOVA with factor (four stimulus
conditions) a signiﬁcant effect (F=4.91, p < 0.01) was
conducted. There was a signiﬁcant difference between LFS
50 and HFS 70, and between HFS 50 and HFS 70, but there
were no signiﬁcant differences between HFS 60 and the other
conditions (LFS 50, HFS 50, and HFS 70). The average
accuracy decreased with higher frequency (26–34.7 Hz) with
duty-cycle 50%, 60%, and 70% stimuli conditions (average
accuracy: HFS 50 > HFS 60 > HFS 70). Figure 6 shows the
accuracy of all the participants using 15 channels for
6–14.9 Hz with a duty-cycle of 50% and 26–34.7 Hz with
duty-cycles of 50%, 60%, and 70%.
Figure 7 depicts the participant averages for the 30 target
trials in consecutive order and experimental sequence, in
order to show the changes in accuracy as a function of time.
Figures 7(a) and (b) show the changes in the ratio of the target
and non-target ρ-values and the classiﬁcation accuracy as a
function of the trial sequence for the four stimulation conditions. The two measures show similar trends within the stimulus conditions.
The slope of a linear trend was estimated for the changes
in SNR, accuracy, and target band power. The estimated
target band power slopes were −0.2671 for LFS 50, 0.2532
for HFS 50, 0.2913 for HFS 60, and −0.0928 for HFS 70.
Further, the estimated accuracy slopes were as follows:
−0.4710 for LFS 50, 0.0466 for HFS 50, 0.0990 for HFS 60,
and −0.0009 for HFS 70. These results suggest that there is a
trend of decreasing SNR, accuracy, and target band power for
the LFS 50 conditions along time. By contrast, the higher

,where fi is the ﬂickering frequency of the ith stimulus and H
is an integer denoting the number of harmonics to be
included. CCA is applied to maximize the correlation
between the EEG data of a given trial, X, and the reference
signals of the ith stimulus, Yi, separately for each stimulus.
The obtained correlation is denoted by ρi. The user’s
command C is then deﬁned as the stimulus index for which
the correlation between the EEG data and the reference
signals was highest.
To ﬁnd the best electrode conﬁguration for the main
analysis, we considered ﬁve different electrode conﬁgurations
focused on the occipital areas, as illustrated in ﬁgure 3. These
channel conﬁgurations were selected based on previous
SSVEP studies [17, 26, 41]. The six-channel conﬁguration
included PO3, POz, PO4, O1, Oz, and O2, with which nine-,
11-, and 15-channel conﬁgurations sequentially included the
following channels according to the number of electrodes, P1,
Pz, P2, P3, P4, P5, P6, PO7, and PO8, respectively. For the
main analysis, the 15-channel conﬁguration was used because
this conﬁguration showed the highest mean classiﬁcation
performance over different stimulation conditions (see table 1
for detailed results).
The classiﬁcation results were correlated with the average
magnitude of the alpha rhythm, measured in the resting state
prior to the BCI task [45, 46]. To generate a more stable
resting state measure, we used the last 45 s of the 1 min
resting state recording. For all the subjects, the alpha range
was deﬁned to be 7.5–12.5 Hz and then divided into alphaLow (7.5–9 Hz) and alphaHigh (9–12.5 Hz) [45]. The band
power of alphaLow and alphaHigh over occipital electrodes
(PO3, POz, PO4, O1, Oz, and O2) was normalized by
dividing it with the respective band power averaged over all
the scalp electrodes.
5
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Figure 6. The accuracy of classiﬁcation for different ﬂickers (LFS 50, HFS 50, HFS 60, and HFS 70).

The results of the questionnaire survey regarding visual
fatigue are shown in table 3. No participants reported
‘delightful’ with low frequency conditions, while no participants reported an ‘unacceptable’ rating for the higher frequency conditions during the experiments. Visual fatigue was
quantiﬁed using the satisfaction score, such that a smaller
number represented greater fatigue, as ‘unacceptable’ was
scored as a 1 and ‘delightful’ as a 5. The majority considered
participation in the low frequency experiment to be ‘uncomfortable’, while participation in the experiment with the
higher frequency with duty-cycles of 50%, 60%, and 70%
stimuli was considered to be between ‘acceptable’ and
‘comfortable’. There were no or minimal differences in visual
comfort for higher frequency with duty-cycles of 50%, 60%,
and 70% stimuli.
Visual fatigue satisfaction scores for the four conditions
(LFS 50, HFS 50, HFS 60, and HFS 70) were obtained from
the visual fatigue questionnaire survey (ﬁgure 10). As
depicted in ﬁgure 10, HFS 70 achieved slightly higher
satisfaction rates than the other higher frequency conditions.
A one-way repeated measures ANOVA with factor (four
stimulus conditions) a signiﬁcant effect (F=27.05,
p < 0.01) was conducted. There was a signiﬁcant difference
between the low frequency (LFS 50) and higher frequency

frequency conditions yielded relatively stable SNR, performance, and band power. Higher frequency stimuli conditions
with duty-cycles of 50% and 60% did not exhibit a severe
drop in performance as the experiments proceeded.
Figure 8 displays the averaged distribution of the SSVEP
amplitudes elicited by LFS 50 and HFS 50; the red colored
lines indicate a stronger SSVEP, which exhibit different
patterns, particularly when analyzing merged trial bins (e.g., 1
to 10 trials, 11 to 20 trials, and 21 to 30 trials). In particular,
the topography of the low frequency stimuli indicated less
spectral power in the occipital region.
The occipital alpha rhythm was negatively correlated
with the classiﬁcation accuracy in low stimulus frequency
conditions, while there was no signiﬁcant correlation between
the alpha power and performance in the high stimulus frequency conditions. The results of this analysis are shown in
table 2, where r denotes the correlation coefﬁcient and p
denotes the signiﬁcance level of the correlation coefﬁcient.
Figure 9(a) shows the alphaLow power and the classiﬁcation performance across subjects. In this ﬁgure, the subjects
have been ordered according to resting state alphaLow in
ascending order. It can be seen that the resting state alphaLow
only predicts the BCI performance for low stimulus frequency
conditions, and not for higher stimulus frequencies.
6
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4. Discussion
In this study, we implemented an SSVEP-based BCI speller
with 30 characters to investigate the impact of stimulation
frequencies on system performance and visual fatigue. We
demonstrated that the SSVEP system design employing the
high frequency band yielded higher accuracy and lower discomfort levels, compared to low frequency stimulation. Our
study is the ﬁrst to assess performance and comfort differences between high and low frequency stimuli in SSVEP
BCIs in the same group of subjects. In other studies, low
frequency was noted as having high amplitude and high SNR,
more so than high frequency [18, 21]. Therefore, low frequency stimuli have been used for most SSVEP BCI studies,
despite the possibility of extreme visual fatigue. To date, no
studies have investigated the ﬂuctuations of SSVEP performance over time, which is critical for the development of
stable and robust BCIs in real-world applications. We analyzed the trend of SSVEP performance as a function of time
(ﬁgure 7), and obtained a similar averaged accuracy in LFS
50 (6–14.9 Hz), HFS 50, HFS 60, and HFS 70 (26–34.7 Hz)
conditions (ﬁgure 6). However, we detected a difference in
performance among different frequencies, by comparing the
average performance between the ﬁrst and the last trials
(ﬁgure 7). Low frequency stimuli led to a decrease in performance, but a higher frequency led to stable performance.
From this, we can conclude that there are performance losses
as time passes when low frequency SSVEP is adopted.
Therefore, while the high SNR of low frequency SSVEP is
valid, it does not assure high performance for long-time use in
real-life BCI applications. It may be advantageous to use
higher frequency SSVEP because it showed more stable
performance, even during short time frames (e.g., 5 min),
unlike low frequency SSVEP.
Previously, BCIs using high frequency conditions were
considered
only
to
be
visually
comfortable
[21, 25, 27, 28, 36]. However, we demonstrated that a higher
frequency stimulus not only reduced the visual fatigue problem, but also improved performance as time passed,
demonstrating that higher frequency conditions are more
suitable than low frequency for BCI applications. Note that
the majority of the relevant studies still use low frequency
bands for stimulation due to the higher SNRs, although there
are several disadvantages in terms of ergonomics. We
recommend using higher frequencies when applying SSVEPbased BCIs for real-world use because of better performance
and stability as time passes, and greater visual comfort.
Several recent BCI studies which analyzed visual fatigue
in SSVEP-based BCI systems found that visual comfort was
susceptible to stimulation frequencies [10, 18] and dutycycles [23, 24]. Lee et alused a 13.16 Hz visual stimulus with
different duty-cycle ﬂickers, such as 10% to 90% duty-cycles,
and found that higher duty-cycle ﬂickers achieved greater
visual comfort [24]. To our knowledge, there have been no
studies comparing duty-cycle ﬂickers of higher frequency
(26–34.7 Hz) stimuli in SSVEP-based BCIs. Therefore, we
investigated this system’s performance and visual comfort
using various duty-cycle ﬂickers (50%, 60%, and 70%) of

Figure 7. Comparison of (a) SNR, (b) accuracy, and (c) target band

power trend as a function of trial sequence.

stimuli (HFS 50, HFS 60, and HFS 70), but no signiﬁcant
differences between the HFS 50, HFS 60, and HFS 70 conditions (visual comfort: LFS 50 < HFS 50 = HFS 60=HFS
70). According to the visual fatigue questionnaire survey, the
average satisfaction scale for all participants regarding HFS
50, HFS 60, and HFS 70 conditions was 3.5, which translates
to a rating between ‘acceptable’ and ‘comfortable’. Moreover,
the average satisfaction scale in low frequency stimuli was
2.4, which is a rating closer to ‘uncomfortable’. Therefore,
there was an effective reduction of visual fatigue with higher
frequency stimuli.
7
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Figure 8. Grand-average topographical maps of LFS 50 and HFS 50 conditions across all subjects. Columns indicate bins of trials (the ﬁrst

column is 1 to 10 trials, the second column is 11 to 20 trials, and the third column is 21 to 30 trials). The topography was the target band
power.
Table 2. Correlation analysis between the classiﬁcation accuracy
(LFS 50 and HFS 50) and PSDs (alphaLow and alphaHigh).

Performance

AlphaLow(7.5 −9 Hz)
r
p

LFS 50
HFS 50

−0.6153
−0.0560

0.0008
0.7858

AlphaHigh (9
−12.5 Hz)
r
p
−0.5172
−0.1178

0.0068
0.5664

higher frequency (26–34.7 Hz). In this study, we conﬁrmed
the insigniﬁcant difference between visual fatigue and dutycycle change by comparing duty-cycle differences of 50%,
60%, and 70% in higher frequency (26–34.7 Hz) stimuli
conditions. However, different duty-cycle ﬂickers resulted in
slightly changed visual comfort and similar visual fatigue.
The slight decrease in visual fatigue was statistically insigniﬁcant, in contrast to the ﬁndings of other studies, which
reported that higher duty-cycles increased visual comfort.
The prediction of performance is an important topic in
BCIs and spectral power in particular has been shown to be
related to classiﬁcation performance [47, 48]. Here, we predicted classiﬁcation performance trends using neural signals
such as alpha rhythms [45, 46] obtained from resting-state
measurements. Across subjects, the performance of LFS 50
was highly correlated with the performance of HFS 50
(r=0.7028, p < 0.001). However, the correlation with the
alpha rhythm differed between LFS 50 and HFS 50 performance. We were only able to successfully predict the accuracy for low frequency stimuli using alpha power. Future work

Figure 9. Comparison of classiﬁcation performance and resting-state
alpha activity. (a) The PSD of the alphaLow (7.5–9 Hz) band in
ascending order by PSD. (b) LFS 50 accuracy trend in all subjects by
alphaLow PSD. (c) HFS 50 accuracy trend in all subjects by
alphaLow PSD.

will include an attempt to predict within-subject trial-to-trial
BCI performance based on spectral features using non-linear
regression techniques (e.g., [43, 44, 49–51]).
The self-reported questionnaire survey provided subjective feedback about visual fatigue [36, 52], which could be
used to assess the relationship between visual fatigue and
performance. Typically, participants demonstrate loss of
8
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Table 3. Questionnaire survey of participants on visual feeling.

Stimulus

Unacceptable

Uncomfortable

Acceptable

Comfortable

Delightful

LFS 50
HFS 50
HFS 60
HFS 70

12
0
0
0

58
10
12
9

25
44
44
43

9
48
43
40

0
2
5
12

conditions on the usability of an SSVEP-based BCI system,
we did not optimize any experimental factors that would lead
to performance difference. We also recruited a larger number
of subjects showing high intra-subject variability in performance, which could be another reason for the relatively low
performance. Nevertheless, the trend of classiﬁcation performance differences as time passes shown in this study was
sufﬁcient to investigate the variables of interest in our paradigm. In our future studies, we will design an online system to
further validate our results in real-time BCI control situations.

5. Conclusions
In this study, we obtained improved visual comfort and
achieved stable accuracy for an SSVEP-based BCI system
using low frequency (6–14.9 Hz) stimuli and higher frequency (26–34.7 Hz) stimuli conditions. Our results revealed
signiﬁcant differences in different stimuli conditions in terms
of performance trends and demonstrated signiﬁcant
improvements in the levels of visual comfort, as indicated by
the questionnaire survey results. Our data suggest that using
low frequency conditions as SSVEP stimuli results in unfavorable user fatigue that negatively affects user performance.
The decrease in performance is signiﬁcant, as performance
could continue to worsen as time passes. Higher frequency
stimuli conditions resulted in only slight changes to performance across time, and resulted in signiﬁcantly better visual
comfort. Thus, this study demonstrates that it is beneﬁcial for
users to adopt higher frequency stimuli in SSVEP-based
BCIs, particularly in long-term use for practical applications.

Figure 10. Comparison of visual fatigue scores obtained in the
questionnaire survey. Higher scores indicate higher satisfaction.

attention to the experimental task when they are fatigued [53].
This is particularly important for increasing attention to
enhance synchronization of SSVEP response [54]. Loss of
attention and decreased arousal due to mental fatigue and/or
distraction can signiﬁcantly worsen SSVEP signal quality
[55], as the SSVEP response is closely related to participants’
visual fatigue and visual comfort [55]. Therefore, the difference in the SNR scale could indicate an objective measurement of visual fatigue, as SNR tends to decline as visual
fatigue increases and a participant’s concentration falls. Thus,
the CCA values could be used as an objective measurement of
visual fatigue in our study (ﬁgure 7(a)). In future studies, we
will design objective measurements to further validate these
visual fatigue results.
The mean classiﬁcation performance obtained in this
study ranged between 44% and 68.9% with the 15-channel
set, which is lower than that reported in previous SSVEPbased BCI studies. However, a direct performance comparison is impossible due to different numbers of targets. In this
study, we used 30 characters, resulting in a chance accuracy
of 3.3%, but other studies used smaller numbers of targets
(e.g., four [21] or 12 targets [56]). Another study, which ﬁrst
introduced a QWERTY-style SSVEP speller, showed an
average classiﬁcation accuracy of 87.58% over six subjects,
which was attained after optimizing various factors, such as
the distances between neighboring characters, light source
arrangements, stimulation frequencies, electrode positions,
and visual angles [13]. Because the main goal of this study
was to investigate the effect of different stimulation
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